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Abstract—Fingerprinting is a popular indoor localization tech-
nique since it can utilize existing infrastructures (e.g., access
points). However, its site survey process is a labor-intensive
and time-consuming task, which limits the application of such
systems in practice. In this paper, motivated by the availability
of advanced sensing capabilities in smartphones, we propose
a fast and reliable fingerprint collection method to reduce the
time and labor required for site survey. The proposed method
uses a landmark graph-based method to automatically associate
the collected fingerprints, which does not require active user
participation. We will show that besides fast fingerprint data
collection, the proposed method results in accurate location
estimate compared to the state-of-the-art methods. Experimental
results show that the proposed method is an order of magnitude
faster than the manual fingerprint collection method, and using
the radio map generated by our method achieves a much better
accuracy compared to the existing methods.
Index Terms—Indoor localization, WiFi positioning, finger-
printing, navigation, landmarks, smartphone sensors.
I. INTRODUCTION
Indoor localization is important for a number of applications
such as shopping guide, augmented reality game, mobile social
networks, and location-based services. WiFi-based methods
are popular because of the ubiquity of WiFi infrastructure
(e.g., access points) and their low cost [1], [2]. WiFi-based
localization methods can be categorized as: model-based and
fingerprint-based. Model-based methods rely on a signal prop-
agation model, which converts the received signal strength
(RSS) from an access point (AP) to the distance between
the receiver (user’s device) and the AP. The location of the
user can be computed by trilateration after obtaining more
than three distances to different APs. However, model-based
methods require the knowledge of APs’ locations, which are
difficult to obtain in many cases. Besides, it is challenging
to build a precise signal propagation model due to multipath
effect, shadowing, fading, and delay distortion. An inaccurate
signal propagation model will lead to a large localization error
when using trilateration.
In order to overcome the limitations of model-based meth-
ods, fingerprint-based methods have been proposed. Com-
pared with model-based methods, fingerprint-based methods
do not require the knowledge of APs’ locations and signal
propagation models, and can achieve a higher localization
accuracy. Fingerprint-based localization includes two phases:
offline training and online localization. In the offline training
phase, a site survey is conducted to collect fingerprints at
known locations called reference points (RPs). Each finger-
print contains the Media Access Control (MAC) address of
visible APs and their corresponding RSS. These fingerprints
together with their respective RPs’ coordinate are then stored
in a radio map, which may also be called the heat map. In
the online localization phase, the newly-collected fingerprint
is matched with the most similar fingerprints stored in the
radio map, from which the user’s location can be obtained.
The main challenge of WiFi fingerprinting is the construc-
tion of a fingerprint database (also known as radio map),
which is a labor-intensive and time-consuming process. Many
research works have been done to expedite the site survey
process [3], [4]. One of the popular methods is RSS prediction
by interpolation or by signal propagation modeling [5]. WiFi
SLAM (short for Simultaneous Localization and Mapping)
[6], [7], [8], [9] is another popular way to construct the radio
map with low survey cost, but its heavy computational load
makes it unsuitable to work on the resource-limited handheld
devices such as smartphones. The crowdsourcing-based radio
map construction has been studied recently, including active
crowdsourcing [10], [11], [12] and passive crowdsourcing
[13], [14], [15]. The active crowdsourcing methods use in-
trusive/explicit user feedback to build a radio map. Although
active crowdsourcing eliminates the need for professional
surveyors, it requires active user participation and may suffer
from intentional frauds. To reduce the active user participation,
the passive fingerprint crowdsourcing has been proposed.
Passive crowdsourcing associates fingerprints to corresponding
RPs with the aid of smartphone inertial sensors. While the
systems using passive crowdsourcing have made fingerprinting
more practical than before, they still have various limitations
such as the need for GPS, limited applicability, and low
accuracy.
Although a lot of efforts have been made to reduce the
labor and time required to construct a radio map, they suffer
from various limitations such as requirement for active user
participation, being computationally expensive, limited appli-
cability, and low accuracy. In this study, we propose a novel
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fast WiFi fingerprint collection method, which uses a landmark
graph-based localization method for automatically estimating
the location of RPs associated with the collected fingerprints.
The landmark graph-based method has been shown to achieve
a better localization accuracy than map filtering and pedestrian
dead reckoning (PDR) [16]. To ensure the accuracy of the
constructed radio map, we design a metric (belief) to eval-
uate the quality of location estimation of RPs, and only the
location estimates with a high “belief” are used to associate
corresponding fingerprints. Compared to existing fingerprint
collection methods, our method is able to construct a more
accurate and reliable radio map at a very low cost, enabling
WiFi-based localization with a higher accuracy.
II. SYSTEM OVERVIEW
As shown in Figure 1, the system architecture encompasses
two main modules: Location Estimation of RPs, and Fin-
gerprint Association. The Location Estimation module takes
as input a landmark graph [16], and the readings from the
accelerometer, magnetometer, gyroscope, and barometer built
in today’s smartphones. These readings are used to compute
the user’s step length and heading, and infer her location in
real time by using the PDR method [17]. The accumulative
error of PDR is bounded by using the landmark graph. When a
landmark from the landmark graph is detected in sensor data,
the user’s location will be calibrated by using the location of
the detected landmark. The Fingerprint Association module
Fig. 1: System architecture
uses the location estimated by the Location Estimation module,
and the scanned WiFi signal information (including the MAC
address and corresponding RSS between the smartphone and
each AP) to generate the radio map. To guarantee the accuracy
and reliability of the radio map, we evaluate the quality of
estimated location from the Location Estimation module. Only
the location estimates that meet the quality requirement are
used to associate the corresponding fingerprint. Such location
estimate together with the corresponding fingerprint are then
added into the radio map.
III. LANDMARK GRAPH-BASED LOCATION ESTIMATION
A. Landmark Detection
Landmarks in this research refer to location points where
sensor data present a distinct, stable change pattern. Corners
or turns, for instance, compel users to change their walking
direction; a door imposes users to switch their motion state
from Walking to Still. The type of landmarks of our inter-
est includes Accelerometer landmarks, Gyroscope landmarks,
and Barometer landmarks, which will be discussed in the
following. The locations of these landmarks correspond to
the locations of doors, elevators, stairs, corners and turns that
can be simply obtained from floor plans or quickly measured.
Mathematically, we define a landmark v as follows:
v =< (x, y, f), (R1, · · · ,RM ) > (1)
where (x, y, f) denotes the location of the landmark,
(R1, · · · ,RM ) represents the detection rule in different types
of sensor readings, M is the number of rules that this landmark
possesses. A landmark may satisfy one or more types of
detection rules.
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Fig. 2: The acceleration changes as the user passes a door
Accelerometer landmark – Accelerometer landmarks refer
to location points where the motion state of the user presents a
distinct change pattern, which can be sensed by the accelerom-
eter. A location point that witnesses the change pattern of
“Walking −→ Still (for a few seconds) −→ Walking” can be
regarded as a potential accelerometer landmark. This pattern
may arise when the user passes a door (as shown in Figure
2), which can be detected by thresholding the magnitude of
acceleration. A location point is regarded as an Accelerometer
landmark if the accelerometer readings present this change
pattern every time the user passes it. Mathematically, the rule
Racc of Accelerometer landmarks is defined as:
Racc = (loct|mt−K1:t == walking
&& mt:t+K2 == still
&&mt+K2:t+K2+K1 == walking)
(2)
where mt represents the user’s motion state (e.g, walking,
still) at time t. K1 and K2 are two thresholds that determine
the period of the corresponding motion state which can be
empirically set.
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Gyroscope landmark – A Gyroscope landmark is defined
as a location point where the gyroscope readings present a
distinct and stable pattern. Although the magnetometer can
be also used to detect the change of walking direction, its
readings tend to be easily affected by ferromagnetic materials.
Therefore, we use the gyroscope readings to detect the change
in the walking direction of the user. Figure 3 shows how
the gyroscope readings change when the user takes a right
or left turn. A Gyroscope landmark is usually witnessed at
the location of a turn, corner or door. To detect a gyroscope
landmark, we define the rule Rgyro of detecting a gyroscope
landmark as follows:
Rgyro = (loct|
∣∣∣θ˙t∣∣∣ > gyro) (3)
where θ˙t is the gyroscope readings along the vertical direction.
If the absolute value of θ˙t is greater than a certain threshold
gyro, we consider this location point as a potential Gyroscope
landmark.
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Fig. 3: The gyrocope readings change as the user takes a right
turn or a left turn
Barometer landmark – The barometer is capable of de-
tecting the vertical movement of a user (e.g., going upstairs
or downstairs, taking an elevator) since the barometric value
changes with the altitude or height. Although the barometric
pressure is influenced by many factors such as temperature and
altitude, we can argue that it is just affected by the altitude
during a short period of time. Fig. 4 shows the change in
the barometer readings when a user walks horizontally, goes
upstairs/ downstairs, and takes an elevator upward/downward.
The entrance and exit of stairs and elevators can be regarded
as barometer landmarks since they present a pattern in barom-
eter readings that is identifiable, distinctive, and stable. The
entrance detection is done by detecting the change pattern
“horizontal movement −→ vertical movement”. Similarly, the
exit is detected by using the pattern “vertical movement −→
horizontal movement”. Both change patterns are recognized
by utilizing the barometer readings.
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Fig. 4: The change in the barometer readings when going stairs
and taking an elevator
Let pi denote the average value of the i-th window of
air pressure readings that contains the air pressure value at
time t, and let baro1 and baro2 be the thresholds used to
detect the user’s horizontal movement and vertical movement,
respectively. The rule to detect the entrance to a set of
staircases or an elevator is defined as:
Rbaro1 = (loct|(|pi − pi−1|) < baro1
&&
∣∣∣∣∣∣
i+Kp1∑
j=i+1
(sgn(pj − pj−1))
∣∣∣∣∣∣ == Kp1
&&|pi+Kp1 − pi| > baro2)
. (4)
The first term is for detecting horizontal movement, and the
latter two terms are for detecting vertical movement. sgn is
the sign function, which is described as:
sgn(pj − pj−1) =
 1, if pj > pj−10, if pj = pj−1−1, if pj < pj−1 . (5)
Similarly, we can define the rule to detect the exit from a set
of staircases or an elevator as:
Rbaro2 = (loct|(|pi − pi+1|) < baro1
&&
∣∣∣∣∣∣
i∑
j=i−Kp2+1
(sgn(pj − pj−1))
∣∣∣∣∣∣ == Kp2
&&|pi−Kp2 − pi| > baro2)
. (6)
The values of Kp1 and Kp2 are not constant, but are de-
termined dynamically. Their initial values are set to 1, and
gradually increase as long as the value of the sign function
keeps unchanged.
B. Landmark Graph for Estimating the Location of RPs
To accurately estimate the location of RPs, we adopt the
landmark graph-based method [16], which uses the powerful
sensing ability of smartphone sensors to the landmarks that
are naturally distributed in indoor environments. By using the
smartphone sensors to detect these landmarks, the accumula-
tive error of PDR can be bounded, which results in an accurate
location estimation of RPs.
A landmark graph is a directed graph where nodes are
landmarks and edges are accessible paths with heading infor-
mation. Let G = (V,E) denote a landmark graph where V =
{v1, · · · , vN} is a set of landmarks and E = {e1, · · · , eM} is
the set of edges in graph G. Each edge ei =< vj , vk, θjk, di >
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is a tuple consisting of two landmarks, the direction from one
landmark to another, and the distance between these two land-
marks. Note that the direction from landmark vj to landmark
vk is different from that from vk to landmark vj , which means
that there are two edges between two neighboring landmarks.
The complete algorithm of using a landmark graph for indoor
localization consists of the following steps:
1) Constructing the landmark graph of the indoor
environment. The construction of a landmark graph requires
the location landmarks, which can be extracted from a floor
plan. Since most buildings are symmetric, which means that
different floors for the same building have similar layout,
a landmark graph for one floor can be easily modified for
another floor by simply changing the floor information in the
landmarks’ coordinates. Therefore, even manually construct-
ing a landmark graph is not onerous and needs to be done
once only.
2) Detecting step events using the accelerometer read-
ings. The step detection is done by detecting acceleration
peaks. Each peak corresponds to one step if the variance of
the acceleration within the detected time window is greater
than 0.5 m/s2, which is a threshold to distinguish Walking
state from Still state. If a step is detected, then we compute
the corresponding heading and step length.
3) Estimating the location of the user at each step
using PDR. Given an initial location, we can apply the PDR
algorithm to compute the user’s location in real time using the
inertial sensor readings. Let (xt, yt, ft) denote the location of
a user at time t where (xt, yt) is the coordinate and ft is the
floor on which the user is, lt is the corresponding step length,
and θt represents the heading. Then the location estimation
using the PDR method can be described as:
xt = xt−1 + ltcos(θt) (7)
yt = yt−1 + ltsin(θt) (8)
ft = ft−1 − pt − pt−1
pd
(9)
where pt and pt−1 are the air pressure values at time t and
t − 1, respectively. pd is the air pressure difference between
two floors.
4) Detecting landmarks and correcting the estimated
location. While the PDR is conducted to estimate the location
of the user, the readings from accelerometer, gyroscope, and
barometer are simultaneously used to detect landmarks en-
countered. Although both the gyroscope readings and compass
readings (inferred from accelerometer readings and magne-
tometer readings) can be used to estimate the heading, they
cannot provide a robust heading estimation since the gyro-
scope has the drift problem and the compass is vulnerable
to ferromagnetic materials. Therefore, we use the landmark
graph to assist with the heading estimation. If the user is
detected to walk on the path connecting two landmarks in
the landmark graph, the heading from this landmark graph
will be used. Otherwise, the compass readings will be used as
the heading. Also, the user’s step length is updated when she
passes two neighboring landmarks in the landmark graph. Let
v1 and v2 indicate the two neighboring landmarks that a user
passes subsequently, then we can calculate the step length l
as follows:
l =
dist(v1, v2)
Ns
(10)
where dist(v1, v2) is the Euclidean distance between v1 and
v2, and Ns is the number of detected steps. The advantage of
this step length estimation method is that it does not require
the user’s stature information and can adapt to varying walking
speeds since it is updated as the user passes two neighboring
landmarks on the landmark graph.
A key challenge to using landmarks for assisting localiza-
tion is to solve the data association issue. In other words, when
there are multiple landmarks nearby, it is difficult to determine
the detected landmark. It is also challenging to deal with the
case that one or more landmarks are missed in sensor data.
To solve the above challenges, we define a measure con to
indicate how much confidence we place on the location point
meeting the landmark detection rule. The confidence that the
location point (xt, yt) is matched with the landmark vk in the
landmark graph is expressed as:
con(vk) = δ(Rk, R
∗
t ) · r(θk, θ∗t ) · g(dk, d∗t ) (11)
where k is the index of landmark in the landmark graph. Rk
the detection rule of the reference landmark vk, and Rt∗ is
the type of the detected landmark at time t. θk and θ∗t are
the reference heading and the estimated heading from the
time visiting the last landmark to time t. dk and d∗t are the
reference distance and the traveled distance from last landmark
to location (xt, yt). δ is the Dirac delta function, which is
defined as
δ(Rk, R
∗
t ) =
{
1, if Rk == R∗t
0, otherwise , (12)
and r is the rectangle function, described as
r(θk, θ
∗
t ) =
{
1, if |θk − θ∗t | < theta
0, otherwise (13)
where theta is a heading threshold. The function g is defined
as
g(dk, d
∗
t ) = 1/ |dk − dt∗| . (14)
If there are multiple possible landmarks nearby, the one with
the largest confidence will be chosen as the detected landmark.
To reduce the risk of mis-matching, we set a confidence
threshold v to exclude fake landmarks. For instance, a user
may take a turn in the middle of a corridor, which may be
mistakenly detected as a gyroscope landmark. However, since
fake landmarks have a lower confidence value, we are able to
exclude them by judging whether their confidence is smaller
than v . We use only the landmarks with confidence larger
than v to calibrate the accumulative error.
In some cases, some landmarks may be missed in sensor
data. For example, certain landmarks at the locations of doors
will be missed if a door is left open since the user does not
behave in the “Walking −→ Still −→ Walking” pattern. In
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these cases, we simply ignore them and do not calibrate the
user’s location until next landmark is detected.
IV. CONSTRUCTION OF WIFI RADIO MAP
A. Quality Evaluation of Estimated Location
To construct an accurate and robust radio map, we evaluate
the quality of estimated location before using it to associate
a fingerprint. This will ensure that only accurate location
estimates are included in the radio map.
The PDR method consists of two components: step length
estimation, and heading estimation. Therefore, the localization
accuracy of PDR depends on the accuracy of step length
estimation and heading estimation. Since we use the landmark
graph to bound the accumulative error of PDR, we are able to
achieve an accurate location estimation when the user walks
normally at a relatively stable walking speed. Thus, the error
of the landmark graph-based PDR method mainly comes from
varying walking speeds, false walking (which means the user
remains still while using her smartphone for texting, call,
or playing games), and frequent stops. It has been shown
in [18] that the step periodicity for the same motion state
(e.g., walking, jogging) exhibits little variation when the user
moves at a relatively constant speed. However, the periodicity
varies significantly when the user remains still while using the
phone arbitrarily, e.g., for texting, playing phone games, etc.
By limiting the range of step periodicity to a certain interval,
we are able to reduce the location estimation error of RPs.
The step periodicity is defined as the time period of taking
one step (one left step or right step), which equals the time
interval between two neighboring peaks of the amplitude of
accelerometer readings.
Based on the periodicity of the steps, we define a metric
bel to measure the quality of the location estimation of RPs.
Let S denote a path segment connecting two landmarks that
the user takes N steps to travel, including N +1 RPs and the
corresponding time ti when the user visited it, namely
S = {(t1, x1, y1, f1), · · · , (tN+1, xN+1, yN+1, fN+1)}.
(15)
Let T indicate the step periodicity set that contains the step
periodicity of these N steps, namely
T = {T1, · · · , TN} (16)
where Ti is period of the i-th step measured by the accelerome-
ter. Thus, the metric to measure the quality of the path segment
S is defined as:
bel(S) =
∑N
i=1 χ(Ti) · Ti∑N
i=1 Ti
· 1
σT ′
(17)
where the first term indicates the ratio of valid steps that
exclude outliers caused by false walking or frequent stops.
χ is the identifier function, which is defined as
χ(Ti) =
{
1, if Ti ∈ [Tmin, Tmax]
0, otherwise . (18)
T ′ is a subset of T , representing the step periodicity set of
valid steps and consisting of elements of T that fall in the
valid interval [Tmin, Tmax]. If a user walks at a stable speed,
then the deviation of her step periodicity vector T should be
small. To enable the metric to reflect this stability, we take the
reciprocal of the standard deviation σT ′ of T ′ into the metric.
When the belief bel(S) of the path segment S is greater than
a threshold S , the location estimation on this path segment is
considered accurate and reliable.
B. Construction of WiFi Radio Map
Let Tr denote a trajectory that the user has traveled,
including K path segments that are divided by landmarks,
namely Tr = {S1, · · · , SK}, and FP is a set of fingerprints
collected along this trajectory, FP = {fp1, · · · , fpN} where
N is the number of WiFi scans. Since the time when a step
event happens may be different from the time when a WiFi
scan is conducted, we need to synchronize the time to conduct
a WiFi scan with the time a step event happens in order to
associate the fingerprint with the estimated location. Suppose
that the WiFi scan at time tj happens during the time period
the user walks from location (xk−1, yk−1) to (xk, yk), namely
tk−1 ≤ tj ≤ tk, then we can estimate the location of the j-th
potential RP by using a linear interpolation, namely
xj = xk−1 +
(xk − xk−1) · (tj − tk−1)
tk − tk−1 (19)
yj = yk−1 +
(yk − yk−1) · (tj − tk−1)
tk − tk−1 . (20)
The complete procedure of constructing a radio map is
described in Algorithm 1. We first use the linear interpolation
method to obtain the location (xj , yj) of the j-th potential RP.
According to the calculated location (xj , yj), we can find the
path segment Si that includes the location (xj , yj , fj). After
this, we evaluate the quality of Si. Only when the bel(Si)
meets the defined requirement, the fingerprint is associated
with the corresponding location and then is added to the radio
map. This process is recursively done until all the elements in
the FP set are used.
V. EXPERIMENTS AND RESULTS
The proposed methods were evaluated by experiments con-
ducted in an eight-storey office building. The area of each floor
is about 4,570 square meters. The test path goes through two
floors of this building, and its length is about 362 meters.
The device we used is a Google Nexus 6 smartphone
equipped with WiFi, accelerometer, magnetometer, gyroscope,
and barometer. An Android app was developed to collect the
sensor data. A tester walked along the pre-set path with the
phone in hand, and clicked on the app to record the RPs to
evaluate the location accuracy. The data recorded include the
MAC address of visible APs and corresponding RSS, and
readings from the accelerometer, gyroscope, compass, and
barometer. Table I gives the values of parameters used in this
paper, which are empirically determined.
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Algorithm 1: Radio map construction
Input : A trajectory Tr = {S1, · · · , SK}, a set of RSS
vector FP = {fp1, · · · , fpN}
Output: A radio map
1 for j = 1 : N do
2 Compute the location (xj , yj , fj) of the j-th potential
RP;
3 Search for the segment Si that includes location
(xj , yj , fj);
4 Compute the belief bel(Si) of the segment Si;
5 if bel(Si) > S then
6 Associate the fingerprint fpj and the
corresponding location (xj , yj , fj)
7 Add the tuple (xj , yj , fj , fpj) to the radio map;
8 end
9 end
10 Return the radio map;
TABLE I: Parameter setting
Function Paramater Value
Acc landmark detection
Window size 50 samples
Walking state threshold 2 s
Still state threshold 1 - 8 s
Gyro landmark detection Window size 10 samplesGyro threshold gyro 1.1 rad/s
Baro landmark detection pressure threshold baro1 0.05 hPapressure threshold baro2 0.3 hPa
PDR
Pressure difference pd 0.45 hPa
Heading threshold theta 30o
Confidence threshold v 0.25
Initial step length 0.63 m
Quality Evaluation
Step periodicity threshold Tmax 1 s
Step periodicity threshold Tmin 0.4 s
Belief threshold S 15
A. Accuracy Evaluation of Landmark Graph-based Localiza-
tion
We first evaluate the accuracy of the landmark graph-
based indoor localization method, which is used to obtain the
location estimation for associating a fingerprint. To demon-
strate the superiority of the landmark graph-based method, we
compare it with the commonly-used PDR methods [17] and
map filtering method [19]. Both PDR I and PDR II methods
use the step-counting-based approach to estimate the step
length, however PDR I uses the compass readings to estimate
the heading while PDR II uses the gyroscope to calculate the
heading. The map filtering method fuses the PDR I with a floor
plan with 200 particles. Figure 5 shows the cumulative distri-
bution function (CDF) of the localization error of different
methods. It shows that our method significantly outperforms
the other methods, achieving a mean error of 0.71 meters.
B. Effect of Quality Control
To evaluate the effect of the accuracy of estimated locations
that are used to associate fingerprints, we conducted two
experiments along a straight path segment such that we can
ignore the effect of heading. In the first experiment, the user
walked normally at a consistent speed; While in the second
experiment, the user walked with varying speeds and stopped
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Fig. 5: Localization accuracy comparison of different methods
used to estimation the location of RPs
at a few locations to introduce some false walking noise.
The mean error of PDR was less than 1 meter in the first
experiment, and about 5 meters in the second experiment.
Figure 6 shows the localization error of 1-NN by using
the radio map that was associated with location estimation
with different beliefs. It can be seen that using the location
estimation with high belief (bel(S) > 18) to associate RSS
measurements for constructing a radio map achieves much
higher accuracy than that with low belief (bel(S) < 10).
Therefore, it is necessary to control the quality of location
estimates that are used to associate fingerprints, which has a
direct effect on the accuracy of the fingerprinting localization
method.
Fig. 6: Localization error of 1-NN using the radio map formed
with different beliefs
C. Fingerprint Collection Method Comparison
We compare the proposed fingerprint collection method with
the state-of-the-art Zee system [14] and the commonly-used
manual method, in which the user locates herself on a gird of
points on the floor map and collects a number of WiFi scans.
For the manual method, we collect fingerprints along the test
path with a distance interval of 1.5 meters. At each reference
point, 5 WiFi scans and 10 WiFi scans for the manual method
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were considered. For the Zee system and our method, only one
WiFi scan was collected at each reference point. In total, we
collected 252 RPs with a distance interval of 1.5 meters for the
manual method, and 609 RPs for our method. The locations
of RPs for the manual method must be inputted to the system,
while those for our method are automatically obtained from
the landmark graph-based location estimation method.
We first compare the time spent by the different methods on
collecting fingerprints, including setup time and data collection
time. Table II shows the approximate time spent by different
methods. The setup time of the manual method is about 90
minutes, mainly spent on measuring the locations of RPs. By
contrast, the setup time of the Zee system is similar to that
of our method, which is about 10 minutes, mainly used to
obtain wall information and the landmark graph, respectively.
As for the data collection time, the Zee system and our method
require much less time to collect fingerprints for constructing
a radio map than the manual method.
TABLE II: Time spent on fingerprint collection
Method Setup (mins) Data collection (mins)
Manual method (5 scans) ∼ 90 ∼ 50
Manual method (10 scans) ∼ 90 ∼ 100
Zee ∼ 10 ∼ 10
Proposed method ∼ 10 ∼ 10
We compare the localization error of 1-NN by using the ra-
dio map constructed by our method, Zee, and manual method.
The positive values fingerprint representation was used [20],
namely
positivei(fp) =
 RSSi −min, if the i-th AP is presentin the fingerprint fp and RSSi ≥ τ
0, otherwise
(21)
where RSSi is the received signal strength from the i-th AP
and τ is a threshold value (APs whose RSS were lower than
the threshold are considered as not-detected), and min is the
lowest RSS value minus 1 considering all the fingerprints.
Two distance metrics, namely Euclidean and Sorensen, were
considered.
Figure 7 shows the floor recognition accuracy of 1-NN
using the radio map constructed by the different methods.
It can be seen that the floor recognition accuracy of our
method is similar to that of Zee, which is higher than the
manual methods with 5 scans and 10 scans per location point.
Using the Euclidean distance metric achieves a bit higher floor
recognition rate than that using the Sorensen distance metric.
Next, we analyze the localization error of 1-NN using
the radio map generated by different methods. Note that
the mean localization error was computed when the floor
of a location point was correctly recognized. As shown in
Figure 8, our method outperforms the state-of-the-art Zee and
the commonly-used manual methods. Our method achieves a
mean error of about 1.5 meters, which is considerably higher
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Fig. 7: Floor recognition accuracy of 1-NN using the radio
map generated by different methods (τ = -90 dBm)
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Fig. 8: Mean localization error of 1-NN using the radio map
generated by different methods (τ = -90 dBm)
than Zee (about 2.3 meters) and the manual methods (about
2.2 meters).
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Fig. 9: Effect of RSS threshold on the mean localization error
of 1-NN (using Sorensen distance metric)
The effect of RSS threshold is demonstrated in Figure 9.
The best performance of all the methods is achieved when the
RSS threshold τ was set to -80 dBm. A larger or smaller value
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of τ will lead to an increase in the mean localization error. This
is because increasing the RSS threshold may introduce APs
with weak signal, which are vulnerable to human movements,
and decreasing the RSS threshold would exclude some useful
APs that can help improve the localization accuracy.
VI. CONCLUSION
In this study, we present a novel fast fingerprint collection
method, which aims to reduce the labor and time required
to associate RSS measurements with their corresponding lo-
cations. The landmark graph-based method is used to au-
tomatically estimate the location of reference points, which
outperforms the commonly-used PDR method and map fil-
tering method. We also compare the accuracy of radio map
constructed by different methods, and experimental results
show that the proposed method achieves a better accuracy than
manual method and the state-of-the-art Zee system.
Although the proposed method has significantly reduced the
time and labor needed to construct a radio map, it requires
the support of spatial constraints. This means that it may
fail in open large indoor areas where spatial constraints are
insufficient. In the future, we will work on implementing a
universal indoor localization solution that integrates not only
WiFi fingerprints, magnetic fingerprints and landmarks, but
also semantic features and other salient features, which will
work in different situations.
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